Chapter 2
Individual Expectations, Limited Rationality and Aggregate Outcomes
Introduction
The rational expectation hypothesis (REH, Muth, 1961 , Lucas, 1972 ) is a cornerstone of new classical economic analysis. According to this hypothesis, individuals use all available information and form expectations rationally. If all individuals in the economy have rational expectations, the market price converges to the rational expectation equilibrium (REE ) . Several studies have shown that, even when many agents violate the REH at the individual decision level, aggregation of individual behavior may enforce convergence of the market price to the REE (Becker, 1962 , Smith, 1962 , Gode and Sunder, 1993 .
More recently it has been shown that depending on characteristic features of the market environment and institution, bounded rationality at the individual level may have a different impact on aggregate market behavior. For example, Haltiwanger and Waldman (1989) argued in a theoretical framework that under strategic complements agents have an incentive to mimic the strategy of the majority of others, magnifying the impact of irrational players and making convergence less likely; in contrast under strategic substitutes individuals have an incentive to do the opposite of what the others do, which makes the impact of irrational players smaller and enhances the likelihood of convergence. Fehr and Tyran (2002, 2005, 2008 ) studied the differences between environments with strategic complements and strategic substitutes by laboratory experiments. They set up an experiment on money illusion with a large anticipated shock, and investigate the speed of adjustment of nominal prices to the new equilibrium for different strategic environments.
Their main finding is that the price in the strategic substitutes environment converges to the new equilibrium much more quickly than that in the strategic complements environment. As their experiment focuses on the role of money illusion, they provide the subjects with detailed information about the shock, so that the shock is fully anticipated.
Heemeijer et al (2009) ran "learning to forecast experiments (LtFE)" with human subjects to study whether the aggregation of individual expectations enforces convergence to REE in markets with positive expectation feedback (and henceforth "positive feedback") and negative expectation feedback (and henceforth "negative feedback"). The realized market price is a function of average individual expectations, and the two market environments only differ in the sign of the expectations feedback. In a positive feedback market, the realized price will be high (low) when the individuals in the market predict it to be high (low), as is e.g. the case in demand driven speculative asset markets. In a negative feedback system the realized price is low (high) when the individuals in the market predict it to be high (low), as is e.g. seen in supply driven commodity markets with a production delay. In the context of LtFE, strategic complements is similar to positive feedback, and strategic substitutes is similar to negative feedback. Heemeijer et al (2009) show that the difference in the type of expectation feedback alone leads to quite different aggregate price behavior when the underlying fundamental price (the REE ) is constant. They found that in the case of negative expectation feedback, the price quickly converges to the REE, while in the case of positive expectation feedback, the market price is characterized by large fluctuations and persistent deviations from the fundamental.
The purpose of this paper is to study aggregate price behavior in positive and negative expectation feedback environment after large unanticipated shocks. There are three important informational differences with the experiments by Fehr and Tyran. Firstly, our subjects know qualitatively how the market works, but have no quantitative information about the market environment. From the qualitative information they should e.g. be able to infer whether there is positive respectively negative expectations feedback, but subjects do not know the exact specification of the price determination mechanism. In contrast, in Fehr in Tyran (2008) subjects have full information about the market, which they could use to calculate the pre-shock equilibrium price. Secondly, in Fehr and Tyran (2008) the shock is fully anticipated: subjects know when the shock take place and have enough information to compute the new, after-shock equilibrium price. In our LtFE, subjects are not informed about the exact timing of the shocks nor do they know the magnitude of the shocks. Thirdly, while in Fehr and Tyran (2008) subjects know the history of the behavior of their opponents, in our LtFE subjects are not informed about the forecasts of other individuals. They can only infer the behavior of other individuals through the aggregate market price. Our experiment should be seen as a stylized setting where individuals do not fully understand the complex market environment they are operating in and try to learn from observed aggregate prices. We are interested in the stability and convergence properties of the market as an aggregation mechanism of individual expectations, and whether after a large shock, individuals can learn the new fundamental price quickly.
Our main finding is that negative feedback leads to quick adjustment to the new, after shock equilibrium, while in a positive feedback market price adjustment is very slow and characterized by initial underreaction followed by overreaction.
A second contribution of this paper is that we propose a model of heterogeneous individual expectations and learning to explain the different aggregate outcomes in positive and negative feedback markets. Our heuristic switching model is an extension of Brock and Hommes (1997) , where subjects switch between different forecasting rules based upon their relative performance. In positive feedback markets trend following rules perform well and reinforce price oscillations leading to persistent deviations from RE equilibrium, and under and overreaction after a large shock. In negative feedback markets trend following rules perform poorly and are outperformed by simple adaptive expectations rule or contrarian rules, enforcing quick convergence to the new RE equilibrium.
The underreaction and overreaction found in the aggregate market price relate our experiment to the literature on overreaction and underreaction in financial markets (De Bondt and Thaler, 1985, Barberis et al, 1998) . In financial economics overreaction and underreaction describe the reaction of stock prices to news about the firm's profitability. De Bondt and Thaler (1985) found from stock price data that people overreact to unexpected news about a firm's profitability in the sense that the price goes up (down) more than it does if people are using rational Bayesian updating. Barberis et al (1998) documented that stock prices underreact to news in the short run, and overreact in the long run to consistent patterns of good or bad news before they introduced a parsimonious model to explain these phenomena. Not much experimental work has been done on overreaction and underreaction. To our knowledge, there is only one paper by Kirchler (2009) which finds underreaction of the market price to changes in the fundamental value. The expectation and standard deviation of the growth rate of the fundamental price in that paper is 0.5% and 7.2% respectively. This means on expectation the fundamental value should grow gradually and slowly with some fluctuations, which is quite different from the process of fundamental value in our paper. Although we are not directly testing overreaction and underreaction, our finding reproduces the characteristic features of financial markets documented by Barberis et al (1998) , and suggests that the type of expectation feedback system may serve as a good explanation for this phenomenon. More recently Noussair and Powell (2009) noticed that in asset market, the pattern of movement in the fundamental price can influence market efficiency. They studied two kinds of pattern of fundamental price movement: Peak and Valley. Peak means the fundamental is increasing in the first half, and decreasing in the second, while Valley means it is decreasing in the first half, and increasing in the second. Based on an experimental setting similar to Smith et al (1988) , they found that the market price tracked the fundamental better when the fundamental is a Peak than when it is a Valley. This result suggests that a changing fundamental price may generate results which are not trivially derived from the case when it is constant. The fundamental price in our study is similar to a Valley. Our findings suggest a negative feedback market can even track the fundamental very well when it is valley. Besides Fehr and Tyran (2008), our paper is related to other experimental work on the impact of strategic complements and strategic substitutes on the convergence of market price or level of coordination, such as Chen and Gazzale (2004) , Potters and Suetens (2009) . Our work is also related to the LtFEs with expectations feedbacks between individual forecasts and aggregate market prices in macroeconomic models, see e.g. Marimon and Sunder (1993, 1994) , Marimon et al (1993) , Adam (2007) and Pfajfar and Zakelj (2009) , and in asset pricing models, Hommes et al (2005 Hommes et al ( , 2008 and Sonnemans and Tuinstra (2008) . Hommes (2010) gives a survey of learning to forecast experiments in macroeconomics and finance. Duffy (2008) gives a survey of both "learning to forecast" and "learning to optimize" experiments in macroeconomics.
The paper is organized as follows: Section 2 describes the experimental design. Section 3 presents the experimental results on aggregate market behavior as well as individual forecasting behavior. Section 4 presents a heuristic switching model explaining individual expectations as well as aggregate price behavior in both positive and negative feedback markets. Finally, section 5 concludes.
Where in addition to making forecasts, the subjects also optimize and make transaction decisions.
Experimental Design

Treatments
A computerized experiment was conducted in the CREED laboratory at the University of Amsterdam May 18-20, 2009 . 16 experimental markets were created, half of them with positive feedback (P 1 , P 2 , P 3 , ..., P 8 ), and the other half negative feedback (N 1 , N 2 , N 3 , ..., N 8 ). There are 6 subjects in each experimental market. Subjects are asked to make one-period ahead forecasts the market price for 65 periods. The 65 periods are divided into 3 phases: period 1-20, 21-43 and 44-65. Figure 5 in the appendix shows the computer screen the subjects see during the experiment. In the appendix there are also experimental instructions for both treatments. Participants are shown the history of market prices and their own predictions, but not the predictions of others. The participants are provided qualitative information about the market, e.g. that the market price will increase (decrease) when there is excess demand (supply). Subjects are also informed that there may be large persistent changes in supply or demand, but they do not know when and how large the shocks will be. We understand that that instructions can play a very important role in experimental markets (Kirchler et al., 2011 and Huber and Kirchler, 2011 ). We did not mention "rational expectation equilibrium" or "fundamental price" in the instructions. So the subjects are not told explicitly search for the the REE. The reason for us to design the instruction like this is that we are focused on the ability of two kinds of market to "teach" the subjects to find the fundamental value. Before the experiment starts, participants are asked to answer four control questions to make sure that they understand the experiment. The questions are show on the computer screens.
The subjects are not paid for their answers. But we set the experimental program such that they can only go to the next question after they answer the current one correctly, and they can only do the experiment after all participants answer all the questions correctly.
We show the control questions and the answers in the appendix.
Expectation Feedback
The expectation feedback system takes the simple form:
where p e t = 1 6 6 h=1 p e h,t is the average price forecast of all subjects in the group (experimental market), and f is a linear map.
For the negative feedback treatment the expectation feedback rule is given by:
For the positive feedback treatment the expectation feedback rule is given by:
Here t ∼ N (0, 0.09) represents small demand/supply shocks. The (time varying) RE fundamental price in both treatments is given by p * t , which is:
The shifts in the RE equilibrium p * t represent the large unexpected shocks in period 21
and 44. The two treatments are comparable, because they have the same REE, as well as Heemeijer et al (2009) provides a microfoundation for the price adjustment rules (2) and (3), with demand and supply derived from wealth and profit maximization. The negative feedback market corresponds to a cobweb "hog-cycle" model, while the positive feedback market corresponds to an asset-pricing model with a market maker price adjustment rule. However, in their experiment the fundamental is a constant (p * t ≡ 60) for all 50 periods. The rational expectation here means the rational expectation under homogeneous expectation. We understand that it may not be "rational" for the subjects to use under heterogeneous expectations. We use this definition just in order to set a simple benchmark for both treatments.
the same absolute value of the slope of the linear feedback function. Because the absolute value of the slope is smaller than 1, this REE p * t is stable under naive expectations, which is if p e h,t = p t−1 for all h.
Individual Earnings
Subjects are asked to make predictions about the future prices. They earn more money if their prediction is closer to the realized price. The individual earnings Π h,t per period are based on the quadratic prediction error:
where 1300 points corresponds to 0.5 Euro, and the subjects will earn 0 if their prediction error is larger than 7. The experiment lasts for about 90 minutes, and the subjects' average earnings are about 30 euro. Figure 1 plots the realized market price averaged over 8 markets (top panels), the price for each market (second panels) as well as the individual predictions in one typical market (bottom panels) in the case of positive feedback (left panels) and negative feedback (right panels) respectively. The RE equilibrium is represented by the dotted line.
Experimental Results
Aggregate Price Behavior
The negative feedback markets generally make an almost perfect adjustment to the RE price after each large shock. The market experiences a short high volatility phase of about 3-5 periods, after which the prices neatly converge to the (new) rational expectations equilibrium price.
A one sample Wilcoxon signed rank test is performed in the negative feedback markets to see whether the median of the market price is equal to the REE. We claim that we reject the null hypothesis that the market price is equal to the REE if we reject any of the following hypotheses: (1) the market price is 56 in periods 1-20, (2) the market price is 41 in periods 21-43, or (3) the market price is 62 in periods 44-65 at 5% level. We claim that we can not reject that the null hypothesis that the market price is equal to REE if none of (1), (2) and (3) is rejected. We can not reject the median of the market price is equal to the rational expectation equilibrium for all groups in negative feedback treatment.
The results for the positive feedback markets are very different, as illustrated in Fig A Wilcoxon signed rank test is performed on each positive feedback market to see whether the median of the market price is equal to the REE if we reject any of the following hypotheses: (1) the market price is 56 in periods 1-20, (2) the market price is 41 in periods 21-43, or (3) the market price is 62 in periods 44-65 at 5% level. We claim that we can not reject that the null hypothesis that the market price is equal to REE if none of (1), (2) and (3) is rejected. We reject that the median of the market price over time is equal to the rational expectation equilibrium for 5 out 8 groups. This result confirms that for most of the positive feedback markets the market price does not converge to the REE.
Coordination of individual expectation and convergence towards the RE fundamental price is illustrated in Figure 2 . The upper graph shows the distance between the fundamental price and the median of the market price over all groups, for both treatments.
In the negative feedback treatment, after each large shock the median of the deviation of the market price from the fundamental quickly decreases to 0 and stays there during each phase. In contrast, in the positive feedback treatment, after each large shock, the Groups P 1 , P 2 , P 4 , P 5 , and P 6 . deviation of the price from the fundamental decreases in a sluggish way, and even goes up occasionally during each phase. This behavior fits the description of stock prices by Barberis et al (1998) , characterized by the underreaction at short and overreaction at longer time horizons. We find that the market price in the negative feedback treatment deviates from the fundamental price less (statistically significant at the 5% level by a paired sample sign test for all periods except period 1, 2, 21 and 44), and therefore negative feedback markets exhibit a higher level of price convergence.
Another way to define convergence is to track whether the market price enters a small neighborhood of the fundamental price, for instance, the interval within the fundamental price plus or minus 3% and stays there. The intervals are [54.32, 57.68] in the third phase. In the other periods the participants in the negative feedback also reach consensus because of the convergence of the market price to the RE equilibrium.
In summary, in the positive feedback market individuals quickly coordinate on a common forecast, but they coordinate on a "wrong" non-equilibrium price. In the negative feedback markets after a large shock some individuals disagree with the majority. Heterogeneity is more persistent, and stabilizes price dynamics. After that the price has converged and consensus about price prediction is achieved. 
Individual Prediction Rules
Rational expectations
We compare the individual predictions with the REE for each of the three phases, using This result suggests that it is not likely that most of the individuals predict the rational expectation equilibrium. The fact that there are more individuals for whom we can not reject the null hypothesis of rational expectations in the negative feedback markets suggests that it may be easier for the individuals to learn the REE in a negative feedback environment.
Estimation of Linear Prediction Rules
We estimate linear prediction rules used by the participants of the following form,
and find that the prediction rules of most participants can be captured by this simple rule very well. (i.e. with significant coefficients at the 5% level, high adjusted R 2 , low M SE and no serial correlation.) Tables A.1 and A.2 in the appendix show the estimation result.
We find that all estimated rules from the negative feedback have at least one significant Because the fundamental price is different in the three phases of this experiment, we need to check whether the econometric model is stable across the three phases, meaning that there is no structural break. We implement a Chow test on breakpoints to check the stability of the model. The breakpoints chosen are period 21 and 44, meaning that under the null hypothesis this econometric model is the same before the first shock, between the first and second shock, and after the second shock. Surprisingly, we reject the null hypothesis of no structural breaks for 44 out of 48 rules (around 92%) in the negative feedback, and for 17 out of 48 rules (around 33%) in the positive feedback. That means that about 2/3 of all the subjects "observe" the shock and change their prediction rules, and the subjects in the negative feedback treatment are more likely to change their rules than the subjects in the positive feedback treatment. The explanation for this might be that in the negative feedback treatment the subjects usually have a very high chance to learn when the shock happens, and therefore adjust their prediction strategy accordingly.
In contrast, in the positive feedback treatment the subjects coordinate on a common rule and learn the large shock only gradually, so it is less likely that they will change their prediction strategy abruptly.
Estimation of Simple Heuristics
The estimation result of linear rules with 3 lags in the last subsection shows that there is a lot of heterogeneity across individuals. We estimate some simpler (more restricted)
rules. An advantage of these simpler rules or heuristics is that they allow for a behavioral interpretation. The estimation result is shown in Table A .3, A.4, A.5 and A.6 in the appendix A.3.
We consider two types of simple rules. The first type of simple rule is a trend rule,
where the participants extrapolate a price change from the last observed price.
A positive coefficient γ means a trend following rule, meaning that people expect a price increase when they see a previous increase; while a negative coefficient γ means a contrarian rule, meaning that people expect a price decrease when they see a previous price increase. Table A . This coefficient γ is usually significant at the 5% level (it is significant for 44 out of 48 subjects in the negative feedback treatment, and for 45 out of 48 subjects in the positive feedback treatment), the adjusted R 2 for the significant models is large (it is on average 0.9890 for the positive feedback, and 0.9045 for the negative feedback) and the MSE of the regression is low (it is on average 0.8995 for the positive feedback, and 8.2069 for the negative feedback treatment).
The second simple rule is the adaptive expectations rule:
where the prediction is a weighted average of the previous prediction and the last observed price. Tables A.5 and A.6 show the estimation result of equation (7). The estimated coefficient w is close to 1 for most subjects in the positive feedback treatment, and between 0.6-0.8 in the negative feedback treatment. This coefficient w is significant
Most of the rules however do not pass the serial correlation test (the rules pass the test for serial correlation for only 17 out of 48 subjects (about 35%) in the negative feedback, and 26 out of 48 subjects (about 55%) in the positive feedback treatment).
at the 5% level for all individuals, the adjusted R 2 is large (it is on average 0.9488 for the positive feedback treatment, and 0.9159 for the negative feedback treatment) and the MSE of the regression is low (it is on average 3.2096 for the positive feedback treatment, and 7.8034 for the negative feedback treatment).
The above results suggest that some of the subjects use simple forecasting heuristics. Figure 3 shows the simulated price and prediction series if all the group members are using adaptive or trend rules. We take w = 0.85 for the adaptive rule, γ = 0.9 for the trend following rule, and γ = −0.3 for the contrarian rule, because these are the medians of the successful (significant, without serial correlation and structural break) rules we get from estimation. Figure 3 shows one-period ahead simulation with homogeneous expectations. In each period, the model imports the price data from the experiment so that the simulation is using the same history the human subjects in the laboratory experiment use. As is shown in the figure for one representative group in each treatment, the contrarian rule fits best for the negative feedback treatment, and the trend following rule fits best for the positive feedback treatment. However, none of these simple rules can describe the data pattern for all groups in the experiment.
Benchmark Homogeneous Expectation Models
These results suggest that similar subjects may use dissimilar heuristics in different situations. Moreover, they may switch between the different rules during the experiment.
A model with evolutionary selection between these simple rules may therefore work well for these experimental data.
Most of the rules can not pass the serial correlation test (the rules pass the test for serial correlation for only 5 out of 48 subjects (about 10%) in the negative feedback treatment, and for 24 out of 48 subjects (about 50%) in the positive feedback treatment).
The same result holds for other groups in the same treatment. 
Heuristic Switching Models (HSM)
Anufriev and Hommes (2009) provide a heuristic switching model, an extension of Brock and Hommes (1997), which is able to explain substantially different price dynamics (monotonic convergence, persistent oscillations and dampened oscillations) in different groups in the asset pricing experiment of Hommes et al (2005) . The key idea of the model is that the subjects chose between four simple heuristics depending upon their relative performance.
The model is developed to explain the experimental data from a 2-period ahead LtFE asset pricing experiment (with positive feedback). There are two trend following rules in the model, a weak and a strong trend following rule. Since there is a negative feedback treatment in our experiment, we replace one trend following rule by a contrarian rule, which is able to detect short run up and down oscillation in negative feedback markets.
The four rules in our model are therefore as follows:
An adaptive expectation (ADA) rule: (2.8)
The contrarian rules (CTR) given by:
A trend extrapolating rule (TRE) given by:
The coefficients we use in the first three rules are exactly the same with the ones we use for homogeneous expectation models in section 3.3, which are the medians of the For related models on reinforcement learning, see e.g. Erev and Roth (1998) and Camerer and Ho (1999) . Hommes (2010) discusses the differences between the different models.
successful (significant, without serial correlation and structural break) rules we get from linear estimations. We use the same coefficients so that the results in this heterogeneous agent model can be compared to the homogeneous models. The fourth rule is called an anchoring and adjustment heuristic (A&A), as in Tversky and Kahneman (1974) :
The rule uses a time varying anchor, 0.5(p av t + p t ), which is the average of the last price and the sample mean of all past prices, and extrapolates the last price change p t − p t−1 .
Because of its flexible time-varying anchor, the A&A rule was successful in explaining persistent oscillations in Anufriev and Hommes (2009).
Subjects switch between these rules depending upon their relative performance. The performance of heuristic h, h ∈ {1, 2, 3, 4} is measured by the squared prediction error: 12) and n h,t is the fraction of the agents using heuristic h in the whole population. The parameter η ∈ [0, 1] shows the relative weight the agents give to past errors compared to the most recent one. When η = 0, only the most recent performance is taken into account, and when η > 0, all past errors matter for the performance. The specific weight updating rule is given by a discrete choice model with asynchronous updating from Hommes, Huang and Wang (2005) and Diks and van der Weide (2005):
The parameter δ ∈ [0, 1] reflects the inertia with which participants stick to their rule. When δ = 1, the agents simply do not update. When δ > 0, each period a fraction of 1−δ
Note that the participants in this experiment were also paid according to the quadratic prediction errors.
participants updates their weights. The parameter β ≥ 0 represents the "sensitivity" to switch to another strategy. The higher the β, the faster the participants switch to more successful rules in the recent previous periods. When β = 0, the agents will put equal weight on each rule. When β = +∞, all agents who update switch to the most successful rule. As shown in Figure 4 , the HSM model fits the experimental data quite nicely. The evolution of the forecasts using the different heuristics shows immediately that the dominating rules are different for the two treatments. In the negative feedback treatment the contrarian rule dominates, while in the positive feedback the trend following rule dominates. The weights of the rules also exhibit "kinks" around the period of the fundamental shocks, which suggest the subjects may adjust the weights on different strategies as a response to the shock.
We can compare the one period ahead forecast performance (Mean Squared Error) of this HSM model with other models. Table 1 shows the MSE of 9 different models: rational expectations, naive expectations, each of the homogeneous rules of the HSM and the three versions of the HSM. These versions are different in the choice of parameters β, η and δ. In the "HSM Benchmark" we use exactly the same parameter settings β = 0.4, η = 0.7, δ = 0.9 as in Anufriev and Hommes (2009). In the "HSM Experiment" we use a grid search to choose the parameters that minimize the total MSE of all groups in both treatments (β = 0.4, η = 0.9, δ = 0.9). Finally, in the "HSM Group" we use grid search to choose the parameters that minimize the MSE for each group independently (parameters are reported in Table 1 ). In the HSM Group model, β is on average larger in the negative feedback treatment (the average β is 2.36) than the positive feedback Figure 2 .4: Experimental and simulated prices using HSM model in one typical group from the positive (top left, group P 8) and negative feedback treatment (bottom left, group N 8) respectively; blue squares are the experimental data, and red circles are simulated prices from the HSM model. The right panels show the evolution of market heuristics in the positive (top right) and negative feedback treatments (bottom right). The trend following rule dominates in the positive feedback markets, while the contrarian rule dominates in the negative feedback markets. treatment (the averag β is 0.5), and δ us on average smaller in the negative feedback treatment (the average δ is 0.26) than in the positive feedback treatment (the average δ is 0.51). This result suggests that as subjects in the negative feedback treatment do not need to coordinate on a common prediction, and hence a common trend, they can therefore adjust their prediction in a more flexible way than the ones in the positive feedback treatment. 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 δ ∈ [0, 1] 0 0.9 0.5 0.9 0.8 0 0.5 0.5 Table 2 .1: MSE of the one-period ahead forecast for different groups in the positive (upper) and negative (lower) feedback treatment. HSM Benchmark means the HSM model with parameters β = 0.4, η = 0.7, δ = 0.9. HSM Experiment means the HSM model with parameters that give the best fit according to the average MSE of all groups in the both treatments, which is β = 0.4, η = 0.9, δ = 0.9. HSM Group means the HSM model with parameters that give the best fit according to the MSE for this group, with parameters β, η, δ shown in the bottom.
The M SE are shown in Table 1 In order to make an overall comparison we can calculate the average MSE in all groups of both treatments. The results are in Table 2 .2: The average MSE in negative feedback treatment, positive feedback treatment and both treatments (as an average of positive and negative feedback treatment) with 9 models. HSM Experiment means the HSM model with parameters that give the best fit according to the average MSE of all groups in both treatments, which is β = 0.4, η = 0.9, δ = 0.9. HSM Group means the HSM model with parameters that give the best fit according to the MSE of this group.
Conclusion and Discussion
Testing the "rational expectation" hypothesis (Muth, 1961 , Lucas, 1972 ) may actually mean two things: (1) to test whether the market price "reflects" the market clearing equilibrium when the equilibrium stays constant, (2) to test whether the market price quickly converges to the new equilibrium after a large shock to the fundamental price. We have shown that the type of expectation feedback is a key factor in how individual expectations and aggregate market prices respond to large unanticipated shocks. While in the negative feedback markets the price converges to the new equilibrium almost immediately, the positive feedback system generally moves towards the new equilibrium slowly, and moreover overshoots the new fundamental.
Hence, under negative expectations feedback as in the classical cobweb model considered in Muth's seminal paper, the REE concept provides a fairly accurate description of aggregate price behavior. However, our results in the positive expectations feedback treatment suggest that caution must be taken with REE in the positive feedback markets, such as financial asset markets. Our findings under positive feedback are consistent with the empirical observation that stock prices underreact to news in the short run and overreact in the long run (see Barberis et al, 1998) , and therefore suggest that the positive feedback feature of speculative asset market alone may be the main force causing this phenomenon.
The simulations of individual prediction rules show that neither rational expectation nor a homogeneous agent model with one simple heuristic is able to capture all the data from both treatments. Models with heterogeneous expectations and reinforcement learning, e.g. Brock and Hommes (1997), Branch (2004) , Branch and Evans (2006, 2007) and Anufriev and Hommes (2009) 
2.A Appendix
2.A.1 Experimental instructions (for negative feedback)
General information
In this experiment you participate in a market. Your role in the market is an advisor of a large firm, and the firm is a major Producer of one product sold in the market. In each period the firm asks you to make a prediction of the market price of the product.
The price should be predicted one period ahead, since producing the good takes some time. You are going to advise the firm for 65 successive time periods. For each period you have to make a prediction for the price in the next period. Your earnings from the experiment will depend on the accuracy of your predictions. The smaller your prediction error is, the greater your earnings are.
About the market
The price of the product will be determined by the law of supply and demand. The supply on the market is determined by the production decision of the producers. There are several large producers on this market and each of them is advised by a participant of this experiment. Higher price predictions make a producer produce a larger quantity, which increases the supply and vise versa. Total supply is largely determined by the sum of the individual supplies of these producers, although there may be small random fluctuations caused by transportation delay or other reasons.
The size of the demand depends upon the price. When the price goes up, the demand will go down. In some periods there may be large persistent changes in the demand, caused by demand from other international markets or other reasons.
About the price determination
The price is determined as follows. If total demand is larger than total supply, the price will rise. Conversely, if total supply is larger than total demand, the price will fall.
About the price prediction
The only task of the advisors in this experiment is to predict the market price in each time period as accurately as possible. Your prediction should always lie between 0 and 100 euros in the each period. At the beginning of the experiment you are asked to give a prediction for the price period 1. When all participants have submitted their predictions for the first period, the market price for period 1 will be made public. Based on the prediction error in period 1, which is the difference between the market price and your prediction, your earnings in the first period will be calculated. The larger your prediction error is, the less earning you are going to make for this period. Subsequently, you are asked to enter your prediction for period 2. When all participants have submitted their prediction for the second period, the market price for that period, will be made public and your earnings will be calculated, and so on, for all 65 consecutive periods.
The information you can refer to form at period t consists of all previous prices, your predictions and earnings.
About the earnings
Your earnings depend only on the accuracy of your predictions. The earnings shown on the computer screen will be in terms of points. The maximum possible points you can make for each period (if you make no prediction error) is 1300, and the larger your prediction error is, the fewer points you can make. You will earn 0 points if your prediction error is larger than 7. There is a Payoff Table on your table, which shows the points you can earn for different prediction errors. For example, your prediction was 13.42.
The true market price turned out to be 12.13. This means that the prediction error is:
13.42 − 12.13 ≈ 1.30. The table then says your earnings are 1255 credits (as listed in the first column).
We will pay you in cash at the end of the experiment based on the points you earned.
You earn 0.5 euro for each 1300 points you make.
2.A.2 Experimental instructions (for positive feedback)
In our experiment the experimental instructions are exactly the same for positive and negative feedback treatments except the part "General information" and "About the market".
The paragraphs of "General information" and "about the market" for positive feedback are as follows:
General information
In this experiment you participate in a market. Your role in the market is an advisor of a trading company who is active on a market for a certain product. In each time period the trading company needs to decide how many units of the product he will buy, intending to sell them again the next period. To take an optimal decision, the company asks you to make a prediction of the market price of the product during 65 successive time periods. Your earnings during the experiment will depend on the accuracy of your predictions. The smaller your prediction error is, the greater earnings you will get at the end of the experiment.
About the market
The price of the product will be determined by the law of supply and demand. Supply and demand on the market are determined by the trading companies (you are advising one of them) of the product. Higher price predictions make a trading company demand a larger quantity and vise versa. A high price prediction also makes the trading company less willing to sell the product in this period, which decreases the supply and vise versa.
There are several large trading companies active on this market and each of them is advised by a participant of this experiment.
Total supply and demand is largely determined by the sum of the individual supplies and demands of these companies. There are two kinds of exogenous shocks which may affect the total supply and demand: (1) In the mini-page at the top you can submit your prediction of the price in the next period. The title "Your Prediction for period XX" will tell you for which period you are predicting. You have to enter your prediction as a number between 0 and 100. You can use numbers with at most 2 digits after the decimal point (for example, 25, 34.7 and 55.66). Please DO use the decimal point ("."), NOT comma (",") when you want to use decimal numbers.
After you made your prediction please press "send" to submit. You might need to wait for other participants in the same market before continuing to the next period. The market price for the next period will be calculated once all the members in the same market have submitted their predictions. Then you continue with the prediction in the next period for the price in the period after the next period, and so on......
The graph in the left hand side below the prediction window shows the history of your prediction and the market price. The table in the right hand side below the prediction window shows the history of your prediction, the market price, as well as the point you earned in each period and in total. The more recent information is put closer to the top.
You can use your mouse and the stroller to trace the information in older past.
The graph and the table will be updated in the beginning of each new period. Please notice that the price and prediction information in the above graph and table is just for illustration. The data are generated randomly. So it does not have any implication on what will really happen in our experiment.
When everyone finishes the instructions and the check questions, we will begin the experiment. If you have questions now or during the experiment, raise your hand. Someone will come to you for assistance.
2.A.3 Control Questions
• Question 1: Suppose an advisor's prediction error in one period happens to be 12.5, how many points can he earn for this period? (Answer: 0.)
• Question 2: When you predict the market price will go up and the firm takes your advice, how will the firm trade on the market? (In the negative feedback the subjects choose between "A. Produce more" and "B. Produce less" In the positive feedback the subjects choose between "A. Sell more or buy less" and B. "Sell less or buy more". Answer: A for negative feedback, and B for positive feedback.)
• Question 3: If all the advisors predict the market price will go down, and the firms trade according to the predictions. What will happen to the market price? (In both treatments the subjects choose between "A. Decreases" and "B. Decreases". Answer: 
2.A.4 Results of Estimation of Individual Prediction Rules
No. The second and third column shows the estimated coefficients and associated p−value. The fourth and fifth columns show the R 2 and M SE of the regressions. The sixth and seventh shows whether the residual of the regression has serial correlation within 10 lags, and we reject the null hypothesis of no breakpoint in the Chow test.
